Introduction: Multidrug resistance-associated protein 3 (MRP3), an efflux transporter on the hepatic basolateral membrane, may function as a compensatory mechanism to prevent the accumulation of anionic substrates (e.g., bile acids) in hepatocytes. Inhibition of MRP3 may disrupt bile acid homeostasis and is one hypothesized risk factor for the development of drug-induced liver injury (DILI). Therefore, identifying potential MRP3 inhibitors could help mitigate the occurrence of DILI. Methods: Bayesian models were developed using MRP3 transporter inhibition data for 86 structurally diverse drugs. The compounds were split into training and test sets of 57 and 29 compounds, respectively, and six models were generated based on distinct inhibition thresholds and molecular fingerprint methods. The six Bayesian models were validated against the test set and the model with the highest accuracy was utilized for a virtual screen of 1470 FDA-approved drugs from DrugBank. Compounds that were predicted to be inhibitors were selected for in vitro validation. The ability of these compounds to inhibit MRP3 transport at a concentration of 100 μM was measured in membrane vesicles derived from stably transfected MRP3-over-expressing HEK-293 cells with [ 3 H]-estradiol-17β-D-glucuronide (E 2 17G; 10 μM; 5 min uptake) as the probe substrate. Results: A predictive Bayesian model was developed with a sensitivity of 73% and specificity of 71% against the test set used to evaluate the six models. The area under the Receiver Operating Characteristic (ROC) curve was 0.710 against the test set. The final selected model was based on compounds that inhibited substrate transport by at least 50% compared to the negative control, and functional-class fingerprints (FCFP) with a circular diameter of six atoms, in addition to one-dimensional physicochemical properties. The in vitro screening of predicted inhibitors and non-inhibitors resulted in similar model performance with a sensitivity of 64% and specificity of 70%. The strongest inhibitors of MRP3-mediated E 2 17G transport were fidaxomicin, suramin, and dronedarone. Kinetic assessment revealed that fidaxomicin was the most potent of these inhibitors (IC 50 = 1.83 ± 0.46 μM). Suramin and dronedarone exhibited IC 50 values of 3.33 ± 0.41 and 47.44 ± 4.41 μM, respectively. Conclusion: Bayesian models are a useful screening approach to identify potential inhibitors of transport proteins. Novel MRP3 inhibitors were identified by virtual screening using the selected Bayesian model, and MRP3 inhibition was confirmed by an in vitro transporter inhibition assay. Information generated using this modeling approach may be valuable in predicting the potential for DILI and/or MRP3-mediated drug-drug interactions.
Introduction
Drug-induced liver injury (DILI) is a major safety concern in drug development and can lead to drug withdrawal from the market (Kaplowitz, 2001) . DILI is also of great clinical interest because it is the underlying cause of liver transplantation in approximately 15% of cases (Russo et al., 2004) . Patients with DILI can present with either a hepatocellular, cholestatic, or mixed pattern of injury. Cholestatic DILI is caused by impaired bile acid secretion and bile flow (Trauner et al., 1998; Wagner et al., 2009) . Bile acids are key signaling molecules involved in lipid and glucose metabolism, however, they can be cytotoxic due to their hydrophobic, detergent-like properties. Therefore, bile acid synthesis, cellular accumulation, and bile flow is tightly regulated in vivo (Attili et al., 1986; Staels and Fonseca, 2009) .
Under normal conditions, bile acids are excreted from the hepatocyte into bile, undergo intestinal reabsorption via the enterocyte, and cycle back to the hepatocyte via the portal circulation. Conjugated bile acids also can be excreted from the hepatocyte into plasma across the hepatic basolateral membrane. Inhibition of bile acid transporters at the canalicular and/or basolateral membranes can disrupt bile acid homeostasis, alter the normal routes of bile acid excretion, and may even lead to intracellular accumulation of bile acids. The bile salt export pump (BSEP) is the primary transporter that excretes bile acids from hepatocytes into bile, and inhibition of BSEP is a known risk factor for the development of cholestatic DILI (Dawson et al., 2012; Morgan et al., 2010) . However, BSEP inhibition alone is a poor predictor of a compound's potential to cause DILI (Pedersen et al., 2013) . Factoring in the inhibition of other compensatory bile acid efflux transporters, including multidrug resistance-associated protein (MRP) 2, MRP3, and MRP4, can improve DILI predictions (Köck et al., 2014; Morgan et al., 2013) .
MRP3 (ABCC3) is an ATP binding cassette (ABC) transporter localized on the hepatic basolateral membrane that primarily transports glucuronide conjugated anionic compounds, including bilirubin glucuronides, bile acids, organic anions, acyl glucuronides, and some anticancer drugs (Hirohashi et al., 2000; König et al., 1999; Kool et al., 1999; Lee et al., 2004) . Under normal physiological conditions, MRP3 is expressed at low levels in human hepatocytes. However, MRP3 is upregulated in certain liver diseases and cholestatic conditions, including nonalcoholic steatohepatitis (NASH), Dubin-Johnson syndrome, and primary biliary cirrhosis (PBC) (Canet et al., 2015; Corpechot et al., 2006; Donner and Keppler, 2001; Zollner et al., 2003) . In these situations, MRP3 serves as an important compensatory pathway for the clearance of conjugated bile acids and other substrates from the hepatocyte due to decreased expression and/or function of MRP2. Inhibition of MRP3 can alter the disposition of endogenous substrates, such as conjugated bilirubin and bile acids, which may have toxicological implications including hyperbilirubinemia and cholestatic DILI (Keppler, 2014) . Inhibition of MRP3 also may contribute to toxicity mediated directly by drugs and/or drug metabolites. For example, the acyl glucuronide metabolite of diclofenac, a non-steroidal anti-inflammatory drug (NSAID), is excreted into bile via MRP2. This reactive metabolite can cause ulcerations and tissue damage in the small intestine (Seitz and Boelsterli, 1998) . MRP3 can minimize this toxicity by redirecting the route of hepatic excretion of this acyl glucuronide across the basolateral membrane into plasma, thereby reducing biliary excretion and subsequent intestinal exposure to the reactive metabolite (Scialis et al., 2015) .
Currently, there are no published computational models or broadbased studies of MRP3 inhibitors that have focused on identifying the physicochemical and structural features that mediate MRP3 inhibition. It has been demonstrated with other membrane transporters that a comparative analysis of molecular features among inhibitors and noninhibitors enables the development of predictive models and an enhanced understanding of the underlying mechanisms that govern inhibition and non-inhibition (Ekins et al., 2007) . Among ligand-based modeling techniques, Bayesian modeling is well-suited for membrane transporters with broad specificity versus pharmacophore modeling. The difficulty with using substrate transport inhibition data for ligandbased modeling is that there is an uncertainty of where each ligand binds to mediate inhibition. Furthermore, there is evidence that MRP3, as well as other MRPs, have multiple binding sites (Russel et al., 2008; Zehnpfennig et al., 2009) . Pharmacophore modeling relies on a method that generates several low-energy conformations of molecules and then develops a pharmacophore by overlaying the features of known inhibitors; the software attempts to maximize the number of overlaid features. If the inhibition dataset contains compounds binding in different locations, then this approach may not be successful. Bayesian modeling, however, is a probabilistic strategy that does not rely on a rigid pharmacophore and instead determines molecular features and properties associated with inhibition. A probabilistic approach is also better able to handle the noise in data. Based on the molecular features and properties associated with inhibitors, insight can be gained regarding the features underlying inhibition of specific transport proteins.
The primary objective of this study was to develop and apply a computational model to identify novel MRP3 inhibitors. An inverted membrane vesicle assay was used to measure the degree of MRP3 substrate inhibition in order to validate the model predictions.
Methods

Datasets
The MRP3 inhibition dataset used for model development and refinement was derived from uptake inhibition studies (tested at a concentration of 100 μM) previously published by our laboratory (Köck et al., 2014) . This dataset is composed of 86 structurally diverse compounds across various therapeutic areas. Molecular structures were retrieved from PubChem and standardized to remove counterions, add charges to common groups, and generate the molecular ionization state at pH 7.4 (Kim et al., 2016) . The dataset of 86 compounds was split at a 2:1 ratio into a training set of 57 compounds and a test set of 29 compounds using the "generate training and test data" protocol contained in Biovia Discovery Studio (v4.5.0.15071, Dassault Systèmes, 2016.) with the split method parameter set to diverse molecules. The diverse molecules algorithm selects a maximally diverse subset of molecules for the training set by clustering the molecules based on AlogP, molecular weight, number of hydrogen bond donors/acceptors, number of rotatable bonds, number of rings, number of aromatic rings, and fractional polar surface area, as well as selecting molecules from different clusters. The clustering method is a relocation clustering algorithm based on maximal dissimilarity by calculating the Euclidean distance of the molecular descriptors. The training and test set molecules and descriptors are contained in Supplementary Table 1 .
The external dataset used to predict novel MRP3 inhibitors was composed of a structure database containing 1470 FDA-approved drugs from DrugBank (Wishart et al., 2006) . Approved drugs were chosen for screening because these compounds are commercially available and in clinical use, with the potential for high clinical impact.
QSAR Bayesian inhibition modeling
Biovia Discovery Studio (v4.5.0.15071, Dassault Systèmes, 2016) was employed to build Laplacian-corrected Naïve Bayesian models that predict the likelihood that a compound is an MRP3 inhibitor based on molecular features such as molecular properties and structure (Glick et al., 2006; Rogers et al., 2005; Xia et al., 2004) . A score was calculated for each feature based on how strongly that feature was associated with inhibition or non-inhibition, and that score was summed with the scores of other features to generate a combined Bayesian score for a molecule. The Laplacian correction adjusts the weight of the inhibition probability estimate based on the frequency of features in the training set to correct for potential bias from undersampled features. This summed score was then used to calculate the probability that a compound was an inhibitor.
During model development, the threshold of MRP3 inhibition required for a compound to be labeled as an inhibitor was varied to optimize the model's predictive ability by ensuring the number of compounds classified as inhibitors in the training set was sufficient to develop a robust model. Inhibition of MRP3 substrate transport by 50% was selected for the final model resulting in the training set containing 17 inhibitors and 40 non-inhibitors. The structural features used to generate models were Functional-class Fingerprint of 6 Bond Diameters (FCFP) and Extended-connectivity Fingerprint of 6 Bond Diameters (ECFP). ECFP generates models at a defined atom level (6 bond lengths, in this case) while FCFP treats functionally similar atoms as the same such that, for example, halogen atoms are treated equivalently. For each molecular property, the molecules were binned with a maximum of ten bins per molecular property. Molecular properties with continuous values were subdivided to bins such that the bins had approximately an equal number of molecules per bin.
Materials
[ 3 H]-Estradiol-17β-glucuronide (E 2 17G) and Microscint-O liquid scintillation fluid were purchased from Perkin Elmer Life and Analytical Sciences (Waltham, MA). Cell culture supplies, including Dulbeco's modified essential medium (DMEM), fetal bovine serum (FBS), trypsin, and geneticin were obtained from Gibco (Life Technologies, Grand Island, NY). Unlabeled E 2 17G and the compounds tested for inhibition were purchased from either Sigma-Aldrich (St. Louis, MO) or Cayman Chemicals (Ann Arbor, Michigan).
Cell culture and membrane vesicle preparation
Stably transfected MRP3 over-expressing HEK293 cells and mock transfected control HEK293 cells were generously provided by Dr. Elaine Leslie at the University of Alberta (Banerjee et al., 2014) . Cells were cultured in DMEM supplemented with 10% FBS and 1 mg/mL geneticin in a humidified incubator (37°C, 5% CO2) (Banerjee et al., 2014) . Membrane expression of MRP3 was characterized using immunocytochemistry staining and goat derived polyclonal MRP3 antibody (sc-5774) from Santa Cruz Biotechnology (Dallas, Texas).
To prepare membrane vesicles, cells were collected, centrifuged, washed twice in 10 mL of Tris-sucrose buffer (TSB), snap frozen in liquid nitrogen, and stored at −80°C. Frozen cell pellets were thawed, resuspended in TSB and exploded by N 2 cavitation. EDTA was added and the suspension was centrifuged using density-gradient ultracentrifugation as described previously (Ghibellini et al., 2008) . Briefly, the supernatants were pooled and were layered over 35% (w/w) sucrose/50 mM Tris in high speed ultra-centrifuge tubes and TSB was added. The samples were centrifuged at 100,000g for 1 h at 4°C, the opaque interphase was collected and added to a clean high speed centrifuge tube and centrifuged again at 100,000g for 30 min at 4°C. The supernatant was discarded and the pellet was resuspended in TSB and centrifuged at 100,000g for 10 min. The resultant pellet was resuspended in TSB and the suspension was homogenized with a 27-gauge needle to aid in vesicle formation and the membrane vesicle suspension was aliquoted and stored at − 80°C. The protein concentration of the membrane vesicle suspension was measured using the bicinchoninic acid (BCA) assay (Thermo Scientific, Rockford, Illinois).
Membrane vesicle assay
Membrane vesicles were incubated with [ 3 H]-E 2 17G (10 μM) in reaction buffer in a final volume of 50 μL in the presence and absence of ATP. Both the single tube format and the 96-well format were used for this assay. In the single tube format, the reaction was stopped by adding 800 μL of ice-cold stopping buffer at the end of the incubation period. Samples were immediately filtered through glass fiber filters presoaked overnight in stopping buffer containing 3 mM reduced glutathione/ 10 mM dithiothreitol. Filters were washed three times with ice-cold stopping buffer, air dried, and dissolved in 10 mL scintillation cocktail for scintillation counting. The high-throughput assay has been described previously (Köck et al., 2014) ; membrane vesicles were incubated with [ 3 H]-E 2 17G (10 μM; 5 min) in reaction buffer in a 96-well plate. After incubation, the reaction was stopped by addition of 150 μL of icecold stopping buffer. The samples were immediately filtered through GF/B unifilter plates (Perkin Elmer) presoaked overnight in stopping buffer containing 3 mM reduced glutathione/10 mM dithiothreitol. Filters were washed three times with ice-cold stopping buffer, air dried, and dissolved in 75 μL scintillation cocktail for scintillation counting.
The initial characterization of MRP3 vesicles was conducted to determine steady-state kinetics of E 2 17G uptake in order to establish the appropriate incubation time for subsequent experiments. Timedependent activity of membrane vesicles was characterized over 3, 5, and 10 min. The activity of vesicles derived from MRP3 over-expressing cells was compared to activity of vesicles from mock transfected HEK293 cells. Subsequently, experiments were conducted to determine the effect of model-predicted inhibitors and non-inhibitors on E 2 17G uptake. Membrane vesicles were incubated at 37°C with [ 3 H]-E 2 17G (10 μM) and the compounds of interest (100 μM), positive control MK-571 (50 μM), or vehicle control DMSO in reaction buffer in a final volume of 50 μL, in the presence and absence of ATP. Each screening assay included vehicle control (DMSO) and positive control (MK-571); all samples were measured in triplicate. Compounds that inhibited MRP3-mediated E 2 17G transport N 75% of control in the screening assay were selected for further evaluation to determine IC 50 values. In separate studies, IC 50 values were measured using five different inhibitor concentrations (0.1 to 100 μM) in triplicate.
Data analysis and statistics
Experiments were conducted in triplicate in three independent experiments (unless otherwise specified), and data are expressed as mean ± SEM. Inhibition of MRP3-mediated uptake was determined by normalizing values to vehicle control (DMSO). Differences between groups were evaluated using ANOVA with post-hoc corrections for multiple comparisons using Dunnett's test. Activity in the vehicle control group was used as the comparator for the statistical analysis of the model-predicted non-inhibitors. The comparator group for the modelpredicted inhibitors was based on the inhibition threshold that was used for the generation of the model (50% inhibition). This inhibition threshold, rather than a statistically significant difference from vehicle control, was used to classify compounds as inhibitors to ensure consistency with the model. IC 50 values were calculated by non-linear regression using GraphPad Prism 6 (San Diego, California).
Results
Bayesian model selection
Six Bayesian models were developed through a combination of three MRP3 inhibition thresholds and two fingerprinting methods. The three inhibition threshold levels tested, which represent the extent of MRP3 inhibition required for classification as an inhibitor, were 90%, 75%, and 50% inhibition. The number of molecules classified as inhibitors for each threshold were 17, 24, and 32, respectively, and the molecules classified as non-inhibitors were 69, 62, and 54, respectively. The number of compounds in each classification is important because there is a trade-off between developing models that predict strong inhibitors versus the number of classified inhibitors available to generate a predictive model. With a higher threshold of inhibition, there are fewer experimental inhibitors to generate the model resulting in a less robust model.
Of the six Bayesian models, the model with the highest predictive accuracy against the test set used a 50% inhibition threshold and the FCFP6 method for structure fingerprinting. The performance of this model and the other models is shown in Table 1 . The selected model also demonstrated near equivalent sensitivity and specificity against the test set indicating no bias towards positive or negative predictive values.
Molecular properties associated with MRP3 inhibition and noninhibition
Correlating the in vitro transport inhibition of a compound with molecular properties and structure enables the development of predictive models through an indirect understanding of the mechanism that governs molecular recognition. Of the eight molecular features we studied, five displayed a significant difference between inhibitors and non-inhibitors (Fig. 1) .
The molecular properties with the strongest correlation to MRP3 inhibition were 1) high molecular weight and 2) multiple aromatic rings, whereas the properties that negatively correlated with MRP3 inhibition were 1) lack of rotatable bonds and aromatic rings and 2) low molecular weight and logP ( Fig. 2A) . Common structural features among inhibitors included a combination of both deprotonated oxygens and aromatic rings, and the features identified among non-inhibitors were nitrogencontaining structures (Fig. 2B) . The prediction accuracy of the model was 72% and correctly identified 73% of inhibitors and 71% of non-inhibitors of the 29 compounds in the test set.
Virtual screen of DrugBank database
This model was subsequently used to predict novel inhibitors of MRP3 transport through a virtual screen of the DrugBank database of FDA-approved drugs. The applicability of using the MRP3 inhibition dataset to screen the DrugBank database was assessed by performing principal component analysis to compare the chemical space, defined by the calculated molecular and structural features, of the two datasets (Fig. 3) . Principal component analysis reduces all the molecular properties generated to a 2-dimensional plot while maximizing variance between properties. Of the 1470 drugs screened in the DrugBank database, 554 were predicted to be inhibitors of MRP3 and based on the model's performance against the test set, theoretically 393 of those drugs are MRP3 inhibitors. Eleven of the predicted inhibitors with high likelihood of MRP3 inhibition were selected to validate the model predictions in vitro. The selection of the 11 drugs was based on the probability of inhibition (high calculated Bayesian score), clinical significance, and commercial availability. In addition, 10 drugs with the lowest probability of MRP3 inhibition were selected to validate the negative predictive value of the model. Molecular descriptors of the compounds selected for in vitro validation and additional virtual screening predictions from the Bayesian model are shown in Supplementary Tables 2 and 3 respectively.
Characterization of MRP3 over-expressing cells and membrane vesicles
Stably transfected MRP3 over-expressing HEK293 cells had high levels of membrane expression and localization of MRP3 based on immunocytochemistry staining (Fig. 4) . ATP-dependent transport of E 2 17G was measured over 3-10 min and appeared to be linear at 3 and 5 min, with some saturation of transport at the 10 min time point with mean uptake of 70.5, 69.2, and 49.2 pmol/mg protein/min at 3, 5, and 10 min, respectively (Fig. 4) . The 5-min time point was chosen for subsequent experiments. The activity of mock transfected vesicles was similar to transport in the absence of ATP in the MRP3 vesicles.
In vitro validation of model predictions
Eleven predicted MRP3 inhibitors and 10 predicted MRP3 non-inhibitors were screened for inhibition of MRP3-mediated E 2 17G transport. The tested compounds at 100 μM had varying degrees of inhibition (Fig. 5) . Of the predicted inhibitors, amprenavir, bortezomib, darunavir, and pravastatin did not inhibit MRP3. The mean E 2 17G uptake in the presence of these compounds was 119.4, 119.3, 98.3 and 100.5%, respectively, expressed as a percentage of control. The model classified a compound as an inhibitor if it inhibited MRP3-mediated uptake of E 2 17G by at least 50%; therefore, a representative model inhibitor with 50% inhibition was used as a comparator group for statistical analysis. Amiodarone, atazanavir, dronedarone, fidaxomicin, lovastatin, Fig. 1 . Statistical significance of differences in molecular properties between inhibitors and non-inhibitors. The calculated p-value is plotted for the differences in molecular properties between the compounds classified as inhibitors and non-inhibitors. The following molecular properties were compared: octanol-water partition coefficient (AlogP), molecular weight, number of aromatic rings, number of rings, number of rotatable bonds, number of hydrogen bond acceptors, molecular fractional polar surface area, and number of hydrogen bond donors. The dotted line represents p = 0.01; statistical significance was determined by two-way ANOVA and Bonferroni's post-hoc test.
regorafenib, and suramin were not statistically different from this model threshold. Lovastatin, regorafenib, amiodarone, and atazanavir were weak inhibitors and the mean E 2 17G uptake in the presence of these compounds was 63.5, 69.5, 58.4 and 55.0%, respectively, expressed as a percentage of control. At a concentration of 100 μM, fidaxomicin, suramin, and dronedarone were the strongest inhibitors; The Bayesian score is used to calculate the probability that a compound is an inhibitor. mean E 2 17G uptake in the presence of these compounds was only 18.1, 10.1 and 14.2%, respectively, compared to control. Fidaxomicin was the most potent inhibitor with an IC 50 (mean ± SEM) of 1.83 ± 0.46 μM. Suramin was also a strong inhibitor with an IC 50 of 3.33 ± 0.41 μM. Dronedarone was a moderately potent inhibitor with an IC 50 of 47.44 ± 4.41 μM (Fig. 6 ). The predicted non-inhibitors acetylsalicylic acid, amantadine, atenolol, clonidine, isoniazid, 6-mercaputopurine, and methimazole were not statistically different from vehicle control and did not inhibit MRP3 transport. Chlorothiazide, felodipine, and dipyridamole had some degree of MRP3 inhibition; E 2 17G uptake in the presence of these compounds was 37.4, 45.8, and 52.1%, respectively, compared to control (Fig. 7) .
Discussion
In this study, a computational model was developed to predict MRP3 inhibitors based on compounds previously identified in our laboratory as MRP3 inhibitors (Köck et al., 2014) . Results from a virtual screening performed using this computational model were tested in vitro to evaluate the model. Compounds that were strong inhibitors of MRP3 transport at a concentration of 100 μM were characterized further using an IC 50 assay to quantify the potency of inhibition.
A predictive computational model of MRP3 inhibition was developed from the structurally diverse MRP3 inhibition dataset using Bayesian modeling; molecular structures and properties that correlated with inhibition and non-inhibition were identified. The features identified as predictive of MRP3 inhibition were molecular weight and multiple aromatic rings. There was a distinct decline in the number of compounds with a molecular weight b 410 Da that were classified as MRP3 inhibitors (Fig. 2) . As our group and others have demonstrated previously, molecular weight was also significantly associated with inhibition of the hepatic bile acid transporters BSEP, MRP2 and MRP4. These findings indicate that large molecular weight compounds may inhibit multiple transporters, which increases the likelihood that a drug may inhibit bile acid transport and induce cholestasis (Pedersen et al., 2008; Pedersen et al., 2013; Welch et al., 2015) . Interestingly, the association between inhibition of MRP3-mediated transport and multiple aromatic rings appears to be more correlated with MRP3 inhibition compared to models we and others previously developed for BSEP and MRP4 inhibition. For example, Pedersen et al. noted that MRP2 inhibitors had significantly more aromaticity compared to non-inhibitors as measured by unsaturated non-polar surface area, based on the MRP2 model they developed. Across the four transporters, there is a correlation between transport inhibition and hydrophobicity, but the influence of aromaticity is notable for MRP3 and MRP2 compared to BSEP and MRP4 (Matsson et al., 2007; Pedersen et al., 2008; Warner et al., 2012) . Physicochemical features that correlated strongly with non-inhibition were absence of rotatable bonds, low logP values, low molecular weight, and lack of aromatic rings. Fewer rotatable bonds suggests a more rigid molecule that may not be able to conform in order to interact with the transporter; low molecular weight molecules may not have requisite features to bind to MRP3. Low logP values and lack of aromatic rings likely indicates that it is more energetically favorable for a non-inhibitor molecule to remain solvated than to bind to the transporter. These features associated with non-inhibition are common across ABC transporters (Matsson et al., 2007; Pedersen et al., 2008; Warner et al., 2012) .
Among the fragment-like fingerprints that were correlated with inhibition, the most predictive contained deprotonated oxygen atoms, which is expected since MRP3 primarily transports anions; additionally, aromatic rings were featured, which reiterates the observation that multiple aromatic rings are predictive of inhibition. The fingerprints associated with non-inhibition contained nitrogen atoms, most of which were ionizable tertiary amines that would result in a positive charge.
The next step in model validation was to test predicted MRP3 inhibitors in a stably transfected MRP3 over-expressing HEK-293 cell line in vitro. Experiments were conducted using both the single tube and the high-throughput assay format to increase the robustness of the data. Drugs that were predicted to be MRP3 inhibitors in the virtual screening were tested in vitro to evaluate model sensitivity. Seven out of the 11 (64%) predicted inhibitors that were tested in vitro inhibited MRP3-mediated E 2 17G transport. The drugs that were found to be false positives were evaluated retrospectively to determine where the model underperformed. For example, bortezomib had 9 rotatable bonds and a dipeptide core structure similar to the macrocyclic MRP3 inhibitors cyclosporine A and valinomycin, and these combined features increased its Bayesian score. Pravastatin was another false positive that shares ]-E 2 17G (10 μM) for 3, 5, or 10 min at 37°C to evaluate time-dependent MRP3-mediated E 2 17G transport (mean ± SD; n = 1 in triplicate). (C) Activity of MRP3 vesicles and mock vesicles was tested at 5 min (mean ± SD; n = 1 in triplicate). structural similarities to fluvastatin, an MRP3 inhibitor, and it contains a high number of hydrogen bond acceptors and rotatable bonds that increase this drug's calculated score. Interestingly, dronedarone and amiodarone, which are structurally similar compounds, were both modelpredicted MRP3 inhibitors but exhibited different degrees of inhibition in the in vitro assay. Although speculative, the difference in activity between the two compounds is likely driven by the increase in the number of rotatable bonds: amiodarone possesses 11 whereas dronedarone has 17 rotatable bonds due to two elongated alkyl sidechains and the addition of a methanesulfonamide functional group. Two other false positive drugs assayed in the in vitro screen were amprenavir and darunavir, which are both protease inhibitors. Retrospectively, this is likely due to an inadvertently introduced bias in the 86 compound dataset that contained three protease inhibitors (lopinavir, ritonavir, and indinavir) all of which inhibit MRP3 by N 50%.
The specificity of the model was tested by in vitro evaluation of the model predicted non-inhibitors. Seven of the 10 (70%) predicted noninhibitors that were tested did not inhibit MRP3 activity. These results were in agreement with the prediction accuracy of the model, which was able to correctly identify 71% of inhibitors and 72% of noninhibitors.
The novel findings that dronedarone, fidaxomicin, and suramin are strong MRP3 inhibitors may have important implications for patient care. For example, dronedarone, which is an antiarrhythmic that is indicated for the treatment of atrial fibrillation ("Dronedarone Package Insert," 2009), has been associated with case reports of hepatotoxicity (Jahn et al., 2013) . Although the exact mechanisms of dronedarone-associated hepatotoxicity are unknown, mitochondrial toxicity along with other factors are thought to play a role (Felser et al., 2013) . Inhibition of MRP3 may contribute to dronedarone-associated hepatotoxicity by altering disposition of bile acids and other MRP3 substrates.
In the present study, a computational model was developed by leveraging existing data to predict MRP3 inhibitors; model predictions were validated in vitro and potent MRP3 inhibitors were identified. Large-scale in vitro screening studies to identify transporter inhibitors are time-consuming and resource-intensive. The present predictive computational model could be used to identify drug candidates that are likely MRP3 inhibitors, thereby increasing the efficiency of accurately identifying, a priori, potential compounds that might increase the risk of DILI. In addition, potent MRP3 inhibitors could increase susceptibility to cholestasis and liver injury in some patients who may rely more extensively on MRP3 for hepatic excretion of organic anions (e.g., patients with NASH, Dubin-Johnson's syndrome or primary biliary cirrhosis). An integrated approach utilizing both computational modeling and in vitro screening, as demonstrated in this study, can be a valuable tool to predict transporter inhibition, and identify novel and potent transporter inhibitors.
Supplementary data to this article can be found online at http://dx. doi.org/10.1016/j.ejps.2017.02.011. 
